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3 Introduction

Increasing the enrollment of patients in clinical trials is important to making progress towards
finding more effective treatments for breast cancer. Accrual is complicated by a large number
potential studies and the cost and complexity of determining whether a patient meets the nec-
essary eligibility criteria. Under this proposal, we are developing a Web based expert system
which can determine the patients eligibility for clinical trials. The expert system is designed
to take into account the cost of tests which are required to meet inclusion criteria and acquire
information in the most cost-effective way possible.

Additionally, it is important to be able to easily add and remove clinical trials to the system.
Trials are continually becoming available, going on suspension or being closed to accrual. Towards
this end, we have developed a companion Web based system that enables anyone to simply enter
the information required to describe the eligibility/ineligibility criteria for a clinical trial. A
newly entered trial/protocol can then be directly included in the Clinical trial assignment expert
system with no expert intervention.

Finally, we have worked on methods of utilizing probabilities to order questions so that those
most likely to rule patient out of a protocol are first. Recent testing has shown this is effective.

4 Body

In the extension year, fourth year, we have done the following. We have entered approximately
44 new patients into our system to check them for eligibility in available breast cancer protocols.
In total, they were found eligible for 78 trials to which they did not get assigned. We have
added several new protocols. We have revised and published a journal paper (in the Artificial
Intelligence in Medicine journal) that shows significant potential for the increase in accruals to
clinical trials using our system.

A new version of the software has been developed that keeps all of the eligibility criteria in
memory after the user provides some information. This significantly speeds up the response of
the system and makes it more usable clinically.

The system has been tested by both research nurses and physicians. One of the concerns they
have expressed is that some questions get asked after they have given a previous answer which
implies the answer for the latter question. It is possible to develop implication rules which take
care of this problem, but that requires interaction with very busy experts in the medical field.
Hence, a study been undertaken into how to learn these implications as patient data is entered.

Using Association Rules, we have been able to find all of the expert derived implications.
Further, we have discovered some new ones in which when information about a particular test
is available, this indicates that biopsy has been done, for example.

Also, a new method of minimizing the number of questions needed or the amount of data
needed to determine if the patient is ineligible has been developed. A slight modification of the
same approach, provides the user of the system with an indication of how likely it is that the
patient will be eligible for any particular protocol they are exploring. This will enable them to
focus on a particular protocol or protocols as information is entered, if they wish. The results
of this work were codified in a conference paper in the IEEE Computer-based medical systems
conference.




"Table 1: Results of selecting clinical trials for the 187 past patients and 169 current patients.
We give the number of trial participants, selected by both the system and Moffitt clinicians, and
the number of the other eligible patients, identified by the system.

(a) Results for the 187 past patients.

Clinical | Parti- | Other
Trial |cipants | Eligible
10822 10 5
10840 0 19
11072 48 26
11378 4 19
11992 5 6
12100 8 20
12101 20 30

(b) Results for the 169 current patients.

Clinical | Parti- | Other
Trial |cipants | Eligible
11132 4 1
11931 2 26
11971 4 0
12100 0 5
12101 11 52
12385 0 19
12601 0 1
12643 16 36
12757 1 3
12775 23 17

For completeness, we repeat what was done in the third year below. In the third-year, we
have refined the original prototype to produce version 1.4. We have tested it with data from 187
retrospective patients and 169 more recent patients including some who are currently undergoing
treatment. We have extensively tested its ability to order questions associated with tests to save
dollar costs on over 300 patients. Table 1 summarizes our matching results on the past and
current patients. Patients are only evaluated for trials that are currently enrolling patients. The
trial status can change when a trial is put on suspension, closed, brought off suspension, or
initiated. It can be seen that the system finds all matches that correspond to trials in which
patients have been enrolled. For the current 169 patients for which extensive tests have been
done, we found 160 new matches to protocols! This is quite promising for increasing accrual.

The cost savings are shown in Table 2. We show the mean test costs with and without the
ordering heuristics. Six clinical trials have incurred selection costs; the heuristics have reduced




Table 2: Cost savings by test reordering.

(a) Results for the 187 past patients.

Mean Cost
Clinical | W/O Test | With Test
Trial | Reordering | Reordering
10822 $70 $11
10840 $0 $0
11072 $209 $60
11378 $35 $19
11992 $0 $0
12100 $0 $0
12101 $0 $0

(b) Results for the 169 current patients.
Mean Cost

Clinical | W/O Test | With Test
Trial | Reordering | Reordering
11132 $0 $0
11931 $0 $0
11971 $192 $192
12100 $0- $0
12101 $0 $0
12385 $0 $0
12601 $36 $3
12643 $0 $0
12757 $107 $107
12775 $0 $0

the costs for four of these trials, and have not affected the costs for the other two trials.

There are now 15 protocols available in the system. At the present time, all breast cancer
protocols at the Moffitt Cancer Center which are accruing at least two patients a month are
available through our system. Our automated clinical trial updating system continues to allow
us to easily add trials to the system [1, 2].

We have created a question ordering system that uses a crude probabilistic heuristic. As
patients are tested against the system over time, we can keep a record of how many times each
question causes a patient to be classified as ineligible for a protocol. These results will take the
form of z out of y times that a question was asked it directly caused a patient to be determined
ineligible for protocol z. The value (%)qp can be treated as the probability that question ¢ will
cause a patient to be declared ineligible for protocol p. This value will be reasonably reliable
after the question has been asked more than 30 times. At that point, it can be used to reorder
questions. The question with the highest probability of making a patient ineligible for a trial can
be displayed first. By doing this patients will be quickly determined ineligible with a minimum




*number of questions.

Preliminary experiments have been done which indicate this approach does in fact reduce the
number of questions necessary to determine eligibility. Results are shown in Table 3.

We selected 90 patients at random from our list of patients and used their data in experiments.
A ten-fold cross validation was carried out, so that the system was trained on 81 patients and
the remaining 9 patients were tested using the system. The test was done on six protocols for
which 90 patients had been tested. As can be seen in Table 3, the probabilistic system allows
approximately 13% less questions to be answered to determine eligibility, on average.

Table 3: Probabilistic question ordering vs. analytic question ordering.

Ten-fold cross validation
Average number of questions
Protocol | Probabilistic | Analytical Difference
System System | Difference %
11931 15.35 18.90 3.55 18.78
12100 13.85 13.95 0.10 0.72
12101 21.65 24.75 3.10 12.53
12521 14.75 19.05 4.30 22.57
12601 13.90 15.70 1.80 11.46
12777 14.40 16.10 1.70 10.56
Average 15.65 18.08 2.43 13.42

Key Research Accomplishments:

e We have enhanced our prototype system to very stable version 1.4. We have corrected cost
functionality (mostly by getting the costs of tests correct and determining all tests that are
done in the routine care) and tested this successfully.

¢ Utilizing retrospective patient data and current patient data, it has been found that patients
are eligible for multiple protocols/trials. Further, with current patient data we find patients
eligible for trials and not put on any trial.

e Extensive testing of cost functionality has been done. We have determined that in many
cases there is no possibility of saving costs. However, when it is possible the cost mechanism
recommends questions in order that will always allow eligibility to be determined in the
minimal cost fashion.

e We have developed a method of determining probabilities that questions will show patients
are ineligible for trials. The probabilities are determined empirically while the system is in
use. We showed that the use of these probabilities to order questions on a query page will
result in the need to answer less questions at all times.

e We have applied data mining, via association rules, to 100 cases that have been put through
the system. This has enabled us to find what we call fact implications rules. For example,
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if a question on a biopsy is answered as yes, it is clear that some surgery has been done and
it is not necessary to ask questions about whether the patient has ever had any surgery.
The ability to recover such rules will streamline the system from a usability point of view
and allow to improve with time without requiring interviews with physicians and nurses.

Reportable Outcomes: We have had a paper [3], which is attached, published the 2003

IEEE International Conference on Systems, Man, and Cybernetics. We have a paper about to
be published in the Artificial Intelligence in Medicine journal [4]. It is attached. A paper has
been just recently published at the IEEE Computerized Medical Based Systems conference. It

is attached.

We have submitted a revised proposal to the National Institutes of Health to take this system
into clinical operation at the Moffit Cancer Center. The previous proposal was well-received, but

there were concerns about the level of cooperation with the Cancer Center.
A complete bibliography of papers from this grant is:

e Savvas Nikiforou, Eugene Fink, Lawrence O. Hall, Dmitry B. Goldgof, and Jeffry P.
Krischer, Knowledge Acquisition for Clinical-Trial Selection, IEEE International Confer-
ence on Systems, Man and Cybernetics, October 2002.

Princeton K. Kokku, Lawrence O. Hall, Dmitry B. Goldgof, Eugene Fink, and Jeffry P.
Krischer, A Cost-effective Agent for Clinical Trial Assignment, IEEE International Confer-
ence on Systems, Man and Cybernetics, October 2002.

E. Fink, L. O. Hall, D. B. Goldgof, B. Goswami, M. Boonstra, J. P. Krischer, Experiments
on the Automated Selection of Patients for Clinical Trials, IEEE International Conf. on
Systems, Man and Cybernetics, pp. 4541-4545, Oct. 2003.

E. Fink, P.K. Kokku, S. Nikiforou, L.O. Hall, D.B. Goldgof, J.P. Krischer, Selection of
Patients for Clinical Trials: An Interactive Web-Based System, Artificial Intelligence in
Medicine, To Appear 2004.

Bhavesh D. Goswami and Lawrence O. Hall and Dmitry B. Goldgof and Eugene Fink
and Jeffrey P. Krischer, Using Probabilistic Methods to Optimize Data Entry in Accrual
of Patients to Clinical Trials, The 17th IEEE Symposium on Computer-Based Medical
Systems, 2004.

A web prototype of the clinical trial assignment system is available at
http://morden.csee.usf.edu/moffit with password available from the principal investigator.
M.S. Theses:
Bhavesh Goswami, Computer Science, May 2004.
Princeton Kokku, Computer Science, August 2003.
Savvas Nikiforou, Computer Science, May 2002.

5 Conclusions

We have developed a scalable prototype which currently can determine eligibility for sixteen
breast cancer clinical trials. The system has been tested using retrospective data from 201
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patients who are assigned to some clinical trial and more recently active patients numbering 213.
The system correctly finds cases in which a patient is eligible for multiple clinical trials. It has
found 240 matching trials for the 213 current patients. This indicates that it is quite likely they
use of the system will significantly increase accruals to trials.

The system is able to utilize monetary cost in requesting tests to rule in/rule out a patient
from the set of available clinical trials. The default ordering of questions allows the system user
to rapidly determine the eligibility or ineligibility of a patient for any subset of the available
clinical trials entered into the system. We have been able to show a good average cost saving by
using the cost feature to order questions. Of course, there is no guarantee that a clinician would
order tests as suggested by the question ordering of our system. However, the potential for cost
savings is significant.

The system is Web based and password protected. It provides rapid response when a person
enters answers to one or more questions on a page of system selected questions. It can be used
from any computer on the World Wide Web. Hence, community physicians will be able to
determine the potential eligibility (they may not wish to run all tests) of the patient for clinical
trials at cancer centers in their region.

A prototype to enable physicians, nurses or technicians to enter new protocols has been
completed. The system is now in use. It reduces the time required to add a new trial or protocol
to approximately 1 hour. It enables non-computer scientists to add trial/protocols to the system.
This knowledge acquisition tool has been designed to minimize/eliminate the cases where similar
questions acquiring essentially the same information would have to be asked. This feature has
the potential to cause slight changes to the wording of inclusion/exclusion criteria. We believe
that this change is minor and will have no effect on IRB approval.

Last year, we intended to evaluate whether IRB approval would be affected. However, institu-
tional issues prevented this. However, this year we will have new protocols entered using existing
questions and plan to go back to the IRB board to discuss any changes in criteria wording to fit
existing questions within the system. An example would be a protocol in which there are two
questions which ask “is a test value is greater than some threshold” and then a separate question
that asks if it is less than some threshold, versus a single question which asks if a test is in some
range. We believe that such a change is trivial, but this must be addressed in practice and we
will evaluate whether it causes review board decisions to potentially change.

We have utilized Bayes rule to provide a likelihood prediction for a patient being eligible for
particular trials at any given step after enough patients have been put through the system for
that trial. It appears quite useful. A version of it has been used to minimize the number of
questions required to be answered before patient is ruled ineligible for a protocol. There was
between a 13 and 22 percent reduction in the number of questions needed.

5.1 The future

The prototype system shows the potential for allowing community physicians, as well as cancer
center physicians, to quickly and cost effectively determine for which clinical trials a patient may
be eligible. It holds the promise of enabling greater patient accrual for trials by increasing the
awareness of each trial for treating physicians throughout a region. In this future, we would like
to change our IRB to allow evaluation of how many patients not eligible for clinical trials were




. .actually missed by clinical practitioners vs. excluded for a particular reason (e.g. it was clear
they would not agree) or were offered a trial and declined to enter it.
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Summary The purpose of a clinical trial is to evaluate a new treatment procedure.
When medical researchers conduct a trial, they recruit participants with appropriate
health problems and medical histories. To select participants, they analyze medical
records of the available patients, which has traditionally been a manuat procedure.

We describe an expert system that helps to select patients for clinical trials. If the
available data are insufficient for choosing patients, the system suggests additional
medical tests and finds an ordering of the tests that reduces their total cost. Experi-
ments show that the system can increase the number of selected patients. We also
present an interface that enables a medical researcher to add clinical trials and
selection criteria without the help of a programmer. The addition of a new trial takes
10—20 min, and novice users learn the functionality of the interface in about an hour.

© 2004 Elsevier B.V. Al rights reserved.

1. Introduction

Cancer causes 550,000 deaths in the United States
every year [1,2], and the treatment of cancer is an
active research area. Medical researchers explore
new treatment methods, such as drugs, surgery
techniques, and radiation therapies. An experiment
with a new treatment procedure is called a clinical
trial. When researchers conduct a trial, they recruit
patients with appropriate cancer types and medical
histories. The selection of patients has traditionally
been a manual procedure, and studies have shown
that clinicians can miss up to 60% of the eligible
patients [3-8].

if the available records do not provide enough
data, clinicians perform medical tests as part of the

“Corresponding author.

E-mail addresses: e.fink@cs.cmu.edu (E. Fink), kokku@
csee.usf.edu (P.K. Kokku), savvasn@ucy.ac.cy (S. Nikiforou),
hall@csee.usf.edu (L..0. Hall), goldgof@csee.usf.edu (D.B. Gold-
gof), jpkrischer@moffitt.usf.edu (J.P. Krischer).

selection process. The costs of most tests have
declined over the last decade, but the number of
tests has increased [9,10], which is partially due to
inappropriate ordering of tests [11,12]. Clinicians
can reduce the cost by first requiring inexpensive
tests and then using their results to avoid some
expensive tests; however, finding the right ordering
may be a complex optimization problem.

The purpose of the described work is to automate
the selection of patients for clinical trials and mini-
mize the cost of related tests. We have developed
an expert system that identifies appropriate trials
for eligible cancer patients, designed a web-based
interface that enables a clinician to enter new trials
without the help of a programmer, and built a
knowledge base for trials at the Moffitt Cancer
Center, located at the University of South Florida.

We begin with a review of the previous work on
medical expert systems (Section 2). We then explain
the design of the developed system and present
empirical confirmation of its effectiveness (Section

0933-3657/$ — see front matter © 2004 Elsevier B.V. All rights reserved.

doi:10.1016/j.artmed.2004.01.017
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3). We also describe the interface for adding
new knowledge (Section 4). In conclusion, we point
out some limitations of the developed system and
compare it with other trial-selection systems
(Section 5).

2. Previous work

Researchers have developed several expert sys-
tems that help to select clinical trials for cancer
and AIDS patients. In particular, Musen et al. built
a rule-based system, called eon, that matched
AIDS patients to clinical trials [13]. Ohno-Machado
et al. developed the amps? system, which also
assigned AIDS patients to clinical trials [14].
They integrated logical rules with Bayesian net-
works, which helped to make decisions based on
incomplete data and to quantify the decision
certainty.

Bouaud et al. created a cancer expert system,
called oncopoc, that suggested alternative clinical
trials for each patient and allowed a physician to
choose among them [15,16]. Séroussi et al. used
oncopoc to select participants for clinical trials at
two hospitals, which helped to increase the number
of selected patients by a factor of 3 [17,18].

Hammond and Sergot created the OaSiS archi-
tecture [19], which had a graphical interface for
entering patients’ data and extending the knowl-
edge base. Smith et al. built a qualitative system
that assisted a clinician in selecting medical tests,
interpreting their results, and reducing the number
and cost of tests [9,20].

Theocharous developed a Bayesian system that
selected clinical trials for cancer patients [21,22]. It
learned conditional probabilities of medical-test
outcomes and evaluated the probability of a
patient’s eligibility for each trial. On the negative
side, the available medical records were often
insufficient for learning accurate probabilities.
Furthermore, when adding a new trial, the user
had to change the structure of the underlying Baye-
sian network. To address these problems, Bhanja
et al. built a qualitative rule-based system for the
same task [23].

Breitfeld et al. built a system that pre-selected
potential participants for three clinical trials
related to a specific cancer, called rhabdomyosar-
coma [24]. Their system asked eight questions
about a patient, and used a decision tree to deter-
mine a patient’s eligibility. The questions did not
cover some relevant factors, and a physician had to
make a final eligibility decision for pre-selected
patients. The authors used trial-specific informa-
tion in building their system, and they pointed out

that extending the system to include other trials
would require a major effort.

Fallowfield et al. studied how physicians selected
cancer patients for clinical trials, and compared
manual and automatic selection {25]. They showed
that expert systems could improve the selection
accuracy; however, their study also reveated that
physicians were reluctant to use these systems.
Carlson et al. conducted similar studies with AIDS
trials, and also concluded that expert systems could
lead to a more accurate selection [26].

Researchers have also investigated various repre-
sentations of medical knowledge. In particular,
Ohno-Machado et al. proposed the Guideline Inter-
change Format for medical knowledge [27]. Lind-
berg et al. considered an alternative format, called
the Unified Medical Language System, and devel-
oped tools for converting various databases into this
format [28]. Rubin et al. analyzed selection criteria
for cancer clinical trials and proposed a format for
these criteria [29,30]. Wang et al. compared eight
previously developed formats and identified main
elements of medical knowledge, which included
patient data, treatment decisions, and related
actions [31].

Eriksson pointed out the need for general-pur-
pose tools that would allow efficient knowledge
acquisition, and described a system for building
such tools [32]. Tallis et al. developed a library of
scripts for modifying knowledge bases, which
helped to enforce the consistency of the modified
knowledge [33—35]. Blythe et al. designed a general
knowledge-acquisition interface based on previous
techniques [36]. Musen developed the proTEGE envir-
onment for creating knowledge-acquisition tools
[37]; later, researchers used it in the work on AIDS
expert systems [38,39], and on an asthma treat-
ment-selection system [40]. Musen et al. extended
proTEGE and built a new version, called proTEGE-2000
[41].

3. Selection of clinical trials

Physicians at the Moffitt Cancer Center have about
150 clinical trials available for cancer patients.
They have identified criteria that determine a
patient’s eligibility for each trial, and they use
these criteria to select trials for eligible patients.
Traditionally, physicians have selected trials by a
manual analysis of patients’ data. The review of
resulting selections has shown that they usually do
not check all clinical trials and occasionally miss an
appropriate trial.

To address this problem, we have developed an
expert system that helps to select trials for each




o

Selection of patients for clinical trials

. The patient is fernale.

. She is at most 45 years old.
Her cancer stage is I1 or III.
Her cancer is not invasive.

. Either
e there are no cardiac arrhythmias,
e or all tumors are at most 2.5 cm.

(2) Eligibility criteria.

. At most 3 lymph nodes have cancer.

General information

What is the patient’s sex?
What is the patient’s age?
Mammaogram, Cost is $150

What is the cancer stage?
Is the cancer invasive?

Biopsy, Cost is $400

What is the cancer stage?

How many lymph nodes have cancer?
What is the greatest tumor diameter?

Electrocardiogram, Cost is $200
Are there cardiac arrhythmias?

(b) Tests and questions.

Figure 1 Example of eligibility criteria (a), and tests and questions (b).

patient. It prompts a clinician to enter the results of
medical tests, and uses them to identify appropri-
ate trials. If the available records do not provide
enough data, the system suggests additional tests.
We give an example of the selection process,
describe the main elements of the knowledge base,
and outline the system’s web-based interface. We
then give experimental results, which confirm that
the system helps to find eligible patients and to
reduce the related costs.

3.1. Example

In Fig. 1(a), we give a simplified example of elig-
ibility criteria for a clinical trial. This trial is for
young and middle-aged women with a noninvasive
cancer at stage Il or lll. When testing a patient’s
eligibility, a clinician has to order three medical
tests (Fig. 1(b)).

The system first prompts a clinician to enter
the patient’s sex and age. If the patient satisfies
the corresponding conditions, the system asks for
the mammogram results and verifies Conditions 3
and 4; then, it requests the biopsy and electro-
cardiogram data. The ordering of tests depends on
their costs and on the amount of information
provided by test results. The system begins with
the mammogram because it is cheaper than the
other tests and provides data for two eligibility
criteria.

If the patient’s records already include some test
results, the clinician can answer the corresponding
questions while entering the personal data, before
the system selects tests. For example, if the records
indicate that the cancer stage is IV, the clinician can
enter the stage along with the sex and age, and the
system immediately determines that the patient is
ineligible for this trial.

3.2. Knowledge base

The knowledge base includes questions, medical
tests, and logical expressions that represent elig-
ibility criteria for each trial. Since clinicians specify
eligibility criteria as hard constraints, without prio-
rities or soft constraints, we allow only hard-con-
straint logical expressions. The system does not
prioritize eligibility criteria, and it treats the results
of medical tests in the same way as other data, such
as sex, age, and medical history. We give a simpli-
fied example of tests and questions in Fig. 1(b}, and
logical expressions in Fig. 2.

The system supports three types of questions;
the first type takes a yes/no response, the second is
multiple choice, and the third requires a numeric
answer. For example, the cancer stage is a multiple-
choice question, and the tumor diameter is a
numeric question. The description of a medical test
includes the test name, dollar cost, and list of
questions that can be answered based on the test
results. For instance, the mammogram in Fig. 1 has
a cost of USS 150, and it allows the answering of two
questions. Different tests may answer the same

sez = FEMALE and ser = MALE or

age < 45 and age > 45 or

cancer-stage € {11, 1} and | cancer-stage € {1, Iv} or

invasive-cancer = NO and | invasive-cancer = YES or

lymph-nodes < 3 and lymph-nodes > 3 or

(arrhythmias = NO or (arrhythmias = YEs and
tumor-diameter < 2.5) tumor-diameter > 2.5)

(a) Acceptance expression. | (b) Rejection expression.

Figure 2 Logical expressions for the criteria in Fig. 1(a).
The acceptance expression (a) represents the eligibility
conditions, whereas the rejection expression (b) des-
cribes ineligible patients.
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question; for example, both mammogram and
biopsy show the cancer stage.

We encode the eligibility for a trial by a logical
expression that does not have negations, called the
acceptance expression. It includes variables that
represent the available medical data, as well as
equalities, inequalities, ‘‘set-element’’ relations,
conjunctions, and disjunctions. For example, we
encode the criteria in Fig. 1(a) by the expression
in Fig. 2(a). In addition, the system uses the logical
complement of the eligibility criteria, called the
rejection expression, which also does not have
negations (Fig. 2(b)); it describes the conditions
that make a patient ineligible for the trial.

The system collects data until it can determine
which of the two expressions is True. For instance, if
a patient’s sex is maLg, then the rejection expression
in Fig. 2(b) is TrRuE, and the system immediately
rejects this trial. If the sex is Femate, and the other
values are unknown, then neither acceptance nor
rejection expression is TRuE, and the system asks
more questions.

If the knowledge base includes muttiple clinical
trials, the system checks a patient’s eligibility for
each of them. It first prompts the clinician to enter
the personal data for a patient, then asks for the
tests related to multiple trials, and finally requests
additional tests for specific trials. After getting
each new answer, the system re-evaluates the
patient’s eligibility for each trial. It displays the
list of matching trials, rejected trials, and trials that
require additional information.

3.3. Order of tests

If a patient’s medical records do not include enough
data, the system asks for additional tests; for exam-
ple, if the records do not provide data for the
eligibility criteria in Fig. 1, the system asks for
the mammogram, biopsy, and electrocardiogram.
The total cost of tests may depend on their order;
for instance, if we begin with the mammogram, and
it shows that the cancer stage is IV, then we can
immediately reject the trial in Fig. 1 and avoid the
more expensive tests.

We have explored heuristics for ordering the
tests based on the test costs and the structure of
acceptance and rejection expressions. The heuris-
tics use a disjunctive normal form of these expres-
sions; that is, each expression must be a disjunction
of conjunctions. For example, the rejection expres-
sion in Fig. 2(b) is in disjunctive normal form,
whereas the acceptance expression in Fig. 2(a) is
not. If the system uses ordering heuristics, it has to
convert this acceptance expression into the disjunc-
tive normal form shown in Fig. 3.

sez = FEMALE and sez = FEMALE and

age < 45 and age < 45 and

cancer-stage € {11, 1} and | or | cancer-stuge € {1, m} and
invasive-cancer = NO and invasive-cancer = NO and
lymph-nodes < 3 and lymph-nodes < 3 and
arrhythmias = NO tumor-diameter < 2.5

Figure 3 Disjunctive normal form of the acceptance
expression in Fig. 2.

The system chooses the order of tests that
reduces their expected cost. After getting the
results of the first test, it re-evaluates the need
for the other tests and revises their ordering. The
choice of the first test is based on three criteria. The
system scores all required tests according to these
criteria, computes a linear combination of the three
scores for every test, and chooses the test with the
highest score.

(1) Cost of the test: The system gives preference
to cheaper tests. For instance, it may start
with the mammogram, which is cheaper than
the other two tests in Fig. 1.

(2) Number of clinical trials that require the test:
When the system checks a patient’s eligibility
for several trials, it prefers tests that provide
data for the largest number of trials. For
example, if the electrocardiogram gives data
for two different trials, whereas the mammo-
gram provides data for only one trial, the
system may prefer the electrocardiogram
despite its higher cost.

(3) Number of clauses that include the test
results: The system prefers the tests that
provide data for the largest number of clauses
in the acceptance and rejection expressions.
For example, the mammogram data affect
both clauses of the acceptance expression in
Fig. 3 and two clauses of the rejection
expression in Fig. 1(b). On the other hand,
the electrocardiogram affects only one clause
of the acceptance expression and one clause of
the rejection expression; thus, the system
should order it after the mammogram.

The system disregards the costs of tests performed
in the normal course of treatment, and accounts
only for the costs related to the selection of clinical
trials. For example, if a patient needs the mammo-
gram regardless of trial participation, the system
views it as a zero-cost test. On the other hand, if the
only purpose of the biopsy and electrocardiogram is
to select trials, the system uses heuristics to order
these tests.

Although the system suggests the single most
effective test, it allows a clinician to order multiple
tests at once. For instance, if it indicates that the
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Adding patients Selecting clinical trials

* View available trials

» Find an old patient

Entering initial data
« Answer initial questions |={ * Enter test results
« Change previous answers

>~ » Add anew patient || ® Choose candidate trials |»

Entering medical datu

» View eligibility decisions

[
Revising medical data
* View test results
« Change some results

Figure 4 Entering a patient’s data. The web-based interface for the data entry consists of five screens. We show
these screens by rectangles and the transitions between them by arrows.

mammogram is the best test, the clinician can
determine that the electrocardiogram is also an
effective test, and order both tests at the same
time.

3.4, User interface

The system includes a web-based interface that
allows clinicians to enter patients’ data through
remote computers; the interface consists of five
screens (Fig. 4).

The start screen is for adding new patients and
retrieving old patients (Fig. 5). After a user entersa
patient’s name, the system displays a list of the
available trials (Fig. 6). The user can choose a
subset of these trials, and then the system checks
eligibility only for the selected trials. The next
screen is for basic personal and medical data, such
as sex, age, and cancer stage (Fig. 7).

After the system gets these basic data, it prompts
the user for medical information related to specific
trials (Fig. 8). When the user enters medical data,

{Mary Emith

Figure 5

Adding new patients and retrieving existing patients.

Figure 6

Selecting clinical trials.

Figure 7

Entering basic information for a patient.
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Figure 8 Entering medical data.

the system continuously re-evaluates the patient’s
eligibility and shows the decision for each trial. If
the patient is ineligible for some trials, the user can
find out the reasons by clicking the ''Why’’ button.
The interface also includes a screen for the review
and modification of the previous answers, similar to
the screen in Fig. 8.

3.5. Experiments

We have built a knowledge base for the breast-
cancer clinical trials at the Moffitt Cancer Center,
applied the system to the retrospective data from
187 past patients and 74 current patients, and
compared the results with manual selection by
Moffitt clinicians. The number of matching trials
for a patient has ranged from zero to three. For
most patients, the system rejects most trials during
the initial entry of basic data, such as sex, age, and
cancer stage. It usually identifies two to five poten-
tial matches based on these basic data, and narrows
the selection down to one or two trials based on the
following trial-specific questions.

We summarize the results for the past patients in
Table 1(a), and the results for the current patients
in Table 1(b). The ‘'same matches’’ column
includes the number of patients who have been
selected by both human clinicians and the expert
system. The ‘'new matches’’ column gives the
number of patients who have been matched by
the system but missed by human clinicians. Finally,
the last column shows the number of matching
patients whose available records are incomplete.
Clinicians have found trials for these patients, but
the system cannot identify these matches because
of insufficient data. Since these patients are no
longer at Moffitt, we cannot obtain the missing
data; note that this problem is due to the use of
retrospective data, and it does not arise when
clinicians select trials for new patients.

The system has identified a number of situations
when patients were eligible for clinical trials, but
did not participate in these trials. We have checked
these results with Moffitt clinicians, and they have
confirmed that all matches are correct. In most
cases, patients did not participate in the matching
trials because clinicians missed these matches;
however, for some of the past cases, we have been
unable to verify that physicians actually missed the
matches, rather than having undocumented reasons
for omitting them.

We show the mean test costs with and without
the ordering heuristics in Table 2, and give a

.'(a) Results for the_ {
s £ 10

-expert : system and human cl :
“number of hew matches identified by tl
also show the number of matches j




Average dollar cost

Without test .:
reordenng

Wlth test :
re_ordenng

“(a) | Results for the 187 past patlents SR R
: : SRR 1k EEE
: ‘$60 :

graphical view of the cost savings in Fig. 9. The
results confirm that the heuristics reduce the cost of

the selection process. Five clinical trials have
incurred selection costs; the heuristics have signifi-
cantly reduced the costs for four of these trials, and
have not affected the cost for the fifth trial. The
other trials have not incurred costs because all
related tests were performed in the normal course
of treatment before the trial selection.

3.6. Scalability

The time complexity of evaluating the acceptance
and rejection expressions is linear in their total size.
Experiments on a Sun Ultra 10 have shown that the
evaluation takes about 0.02 s per question, and the
time is linear in the number of questions. Typical
eligibility conditions for a clinical trial include 10—
30 questions; thus, the evaluation time is 0.2—0.6 s
per trial.

aw/0 Rewredering
O'With Reardering

Mean Dollar Cost

i

o
@ 10822 10840 11072 11378 11932 12100 1210

Figure 9

The linear scalability is an advantage over Baye-
sian systems, which usually do not scale to a large
number of clinical trials [14,42,43]. The authors of
these systems have reported that the sizes of the
underlying networks are superlinear in the number
of trials [44,45], and that the training time is super-
linear in the network size [21,22].

If the system uses the cost-reduction heuristics,
it converts the acceptance and rejection expres-
sions into disjunctive normal form, which can
potentially lead to an explosion in their size. For
example, if eligibility conditions are as shown in
Fig. 10(a), the system initially generates the expres-
sion in Fig. 10(b). If the system converts it to
disjunctive normal form, the resulting expression
consists of eight clauses.

Although the conversion may result in impracti-
cally large expressions, experiments with cancer
trials have shown that this problem does not arise
in practice because the number of nested disjunc-
tions is usually small. Furthermore, we can elim-
inate some disjunctions by combining their
elements into longer questions. For instance, we
can represent Condition 3 in Fig. 10(a) by a single
question: ‘‘Does the patient have both invasive and
recurrent cancer?’’ If we apply this modification to
Conditions 3 and 5, then we obtain the expression in
Fig. 10(c), and its conversion to disjunctive normal
form results in an expression with two clauses.

4, Entering eligibility criteria

We describe a web-based interface for adding new
clinical trials [46], which consists of two main parts;
the first part is for information about medical tests
(Fig. 11), and the second is for eligibility criteria
(Fig. 12). The interface includes fifteen screens;
three of them are *‘start screens,’”’ which can be
reached from any other screen. We give an example
of entering eligibility criteria, describe the two
parts of the interface, and present experiments
to illustrate its effectiveness.

50 -
BW/O Reoredering
m EV¥ith Resrdening
§ 250
Q .
520
& 15
310
=
i
D -
®) 11432 17931 1197} 12100 121M 1BV 12775

Costs with and without test reordering, for 187 past patients (a) and 74 current patients (b).
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. The patient is female.
. She is at most 45 years old.
3. Either
@ her cancer is not invasive, or
o her cancer is nol recurrent.
4. Either
e at most 3 lymph nodes have cancer,
e or all tumors are at most 2.5 cm.
5. Either
o there are no cardiac arrhythmias,
e or there is no congenital heart disease.

[N

(a) Eligibility criteria.

sexr = FEMALE and

age < 45 and

(invasive = NO or
recurrent = NO) and

(lymph-nodes < 3 or
tumor-size < 2.5) and

(@rrhythmias = NO or
congenital = NO)

sex = FEMALE and
age < 45 and
invasive-and-recurrent = NO and
(lymph-nodes < 3 or

tumor-size < 2.5) and
arrhythmias-and-congenital = NO

(b) Acceptance expression. (c) Reduced expression.

Figure 10 Reducing the number of disjunctions. The conversion of the eligibility criteria (a) into a logical expression
(b) leads to an explosion in the size of the corresponding disjunctive normal form. We may prevent the explosion by
replacing some disjunctions with single questions (c).

4.1. Example the user selects the test and clicks “‘Modify’’
(Fig. 14), and the system displays the *‘Modifying
a test’’screen (Fig. 15). To add a question, the user
clicks the appropriate button at the bottom (Fig. 15)
and then types the question (Fig. 16).

After adding the questions for all tests, the user

goes to the ‘'Adding clinical trials’’ screen and

Suppose that a user needs to enter the criteria
shown in Fig. 1, and the system initially has no data
about the related tests. The user has to describe the
tests and questions, and specify the eligibility con-
ditions.

First, the user utilizes the **Adding tests’’ screen
to enter the new tests; we illustrate the entry of a
test in Fig. 13. Then, the user adds the related
questions; to enter questions for a specific test,

initializes a new trial (Fig. 17). The user gets the
t*Selecting tests’’ screen and chooses the tests
related to the current trial (Fig. 18). Then, the user
marks relevant questions and the answers that make

—

Adding tests
® Add anew test
® View an old test

s View all quest

Modifying a test
o Change the test name
o Change the cost and pain

ions

Adding a yes/no
question
» Add a new question
» View all questions

Adding a multiple-
choice question

o Add a new question

» View all questions

Adding a numeric
question

o Add a new question

» View all questions

Deleting
questions

» Delete questions

» View all questions

@

* View all quest

General information

ions

/ \
Adding a yes/no Adding a multiple- || Adding a numeric Deleting
question choice question question questions

Figure 11

®)

Entering tests and questions (a), and general questions (b). We show the screens by rectangles and the

transitions between them by arrows; the bold rectangles are the start screens.




»

Selection of patients for clinical trials 9

Adding clinical trials Selecting tests a patient gljgible_ (Fig. 19). If the eligibility Friteria
~>1 s Initialize new criteria ™4 Choose relevant tests include disjunctions, the user has to utilize the
» View old criteria ~._ screen for composing logical expressions (Fig. 20).

Selecting questions . . .
+ Choose questions Defining an expression | 4,2, Tests and questions
R = o ArTange questions into
* Specify answers that an eligibility expression . . . .
make a patient eligible We now describe the six-screen interface for adding
tests and questions (Fig. 11a). The start screen

allows viewing the available tests and defining

Figure 12 Entering eligibility criteria.
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Figure 13 Adding a new test.

4. Mew T BB

L iBiopey
“iElectocardiogram

: aTest Wame -

Figure 14

i]\Tarng Jammeogrmm

Figure 15 Modifying a test; the bottom buttons are to move to question-entry screens.

Entering v new Yes/No question g1

”(a)v

Figure 16 Adding yes/no questions (a) and multiple-choice questions (b); the user types a question and the answer
options.
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ciinical Trial 1 for breast vancer
patientz at the Hotf:tr Cancer Center.

Oy sl

Figure 17 Adding a new clinical trial.

{Chnical Trial '1(£<>r,"nre tcancer paients at the

i General Informetion : S {357

L Mammogram Yes/No Questions

i Biopsy Multiple Choice Questions
i Electrocardiogram HANE Numeric Questions

|

Figure 19 Selecting questions and answers. The user checks the questions for the current clinical triat and marks the
answers that satisfy the eligibility criteria.

i__Does the patient have cardiac aerrhythmias? {No}
{ What is the gr=stest twwor diamet=r? (From: 0 To: 2.5)
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Figure 20 Combining questions into a logical expression.




Selection of patients for clinical trials

ﬁﬁﬁﬁﬁ

11

new ones, whereas the other screens are for mod-
ifying tests and adding questions.

We show the start screen in Fig. 13; its left-hand
side allows viewing questions and going to a mod-
ification screen. If the user selects a test and clicks
*'View,”’ the system shows the questions related to
this test at the bottom of the same screen. If the
user clicks “*Modify,”’ it displays the '*Modifying a
test’’ screen (Fig. 15). The right-hand side of the
start screen allows adding a new test by specifying
its name, cost, and pain level.

The *'Modifying a test’’ screen shows the infor-
mation about a specific test, which includes the test
name, cost, pain level, and related questions. The
user can change the test name, cost, and pain level;
the four bottom buttons allow moving to the screens
for adding and deleting questions.

We show the screen for adding yes/no questions in
Fig. 16(a) and multiple-choice questions in Fig. 16(b);
the screen for numeric questions is similar. The user
can enter a new question for the current test, along
with a set of allowed answers. If the question is also
related toothertests, theuserhastomarktheminthe
lower box. The ''Deleting questions’’ screen is for
removing old questions, which allows modification of
old eligibility criteria.

The mechanism for adding general questions,
such as sex and age, consists of five screens
(Fig. 11b), and the user adds general questions in
the same way as test-related questions.

4.3. Eligibility conditions

We next describe the mechanism for entering elig-
ibility criteria, which consists of four screens
(Fig. 12). The start screen allows the user to initi-
alize a new clinical trial and view the criteria for old
trials. If the user needs to modify a clinical trial, the
system first displays the test-selection screen
(Fig. 18). The user then chooses related tests and

1800 ——
1600
1400

2 1200

@ 1000

800

600

400 ‘\\}___}___l

200

(s

entry tim

1 2 3 4
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question types, and clicks ‘*Continue’’ to get the
question list.

The next screen (Fig. 19) allows the user to select
specific questions and mark answers that make a
patient eligible. For a multiple-choice question, the
user may specify several eligibility options; for
example, a patient may be eligible if her cancer
stage is Il or lll. For a numeric question, the user has
to specify a range of values; for instance, a patient
may be eligible if her age is between 0 and 45 years.
If the user clicks '*Simple questions,’’ the system
generates a conjunction of the selected criteria. If
the eligibility conditions involve a more complex
expression, the user has to click *Combined ques-
tion’’ and then use the screen for composing logical
expressions (Fig. 20).

The system combines the eligibility criteria into
an acceptance expression, and then generates the
corresponding rejection expression by recursive
application of DeMorgan’s laws. If the system uses
the cost-reduction heuristics, it converts these
expressions into disjunctive normal form using a
standard conversion algorithm [47,48].

4.4, Entry time

We have run experiments with 16 novice users, who
had no prior experience with the interface. First,
every user has entered four sets of medical tests;
each set has included three tests and 10 questions.
Then, each user has added eligibility expressions for
10 clinical trials used at the Moffitt Cancer Center;
the number of questions in an eligibility expression
has varied from 10 to 35.

We have measured the entry time for each test
set and each clinical trial. In Fig. 21, we show the
mean time for every test set and the time per
question for the same sets. All users have entered
the test sets in the same order; since they had no
prior experience, their performance has improved

100
80
60

o ofep]

1 2 3 4
number of a test set

time per question (sec)

Figure 21 Entry time for test sets (left) and the mean time per question for each set (right). We plot the average time
(dashed lines) and the time of the fastest and slowest users (vertical bars).
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Figure 22 Entry time for eligibility criteria. We show the average time for each clinical trial and the time per
question (dashed lines), along with the performance of the fastest and slowest users (vertical bars).

during the experiment. In Fig. 22, we give similar
graphs for the entry of trials.

The experiments have shown that novices can
efficiently use the interface; they quickly learn its
full functionality, and their learning curve reaches a
plateau after about an hour. The average time per
question is 31 s for the entry of medical tests and
37 s for eligibility criteria, which means that a user
can enter all 150 cancer trials used at Moffitt in
about 2 weeks.

5. Conclusions

We have developed an expert system that assigns
cancer patients to clinical trials. We have described
the representation of selection criteria, heuristics
for ordering of tests, and a web-based interface for
entering patients’ data, which will enable physi-
cians across the country to access a central repo-
sitory of clinical trials. The system also includes an
interface for extending its knowledge base, which
allows a user to enter a new trial in 10—20 min.
Novices can use the interface without prior instruc-
tions, and they reach their full speed after about an
hour. Although cancer research has provided the
motivation for this work, the system is not limited
to cancer, and we can use it for trials related to
other diseases.

The system uses logical eligibility expressions,
similar to those in eon [13] and oncoboc [15,16]; this
approach is different from aips? [14] and Theochar-
ous’s system [21,22], which are based on Bayesian
networks. The use of logical expressions ensures
scalability and ease of adding new trials, but it does
not allow probabilistic decisions based on incom-
plete data.

We have applied the system to the data from 261
breast-cancer patients admitted to the Moffitt Can-
cer Center in the last 3 years. The experiments have
confirmed that the system can improve the speed

and accuracy of selecting trial participants. The
results suggest that physicians miss about 60% of
matching trials, which means that the system can
increase the number of participants by a factor of
2.5. These results are consistent with the studies of
the manual trial selection [3—8], which confirm that
clinicians miss up to 60% of matches. They are also
consistent with the experiment on using oncopoc at
two French hospitals, which has increased the num-
ber of selected matches by a factor of 3 [17,18]. We
have been unable to compare the results with those
of as?, eon, and Theocharous’s system, because the
authors of these systems have not reported large-
scale clinical experiments.

The developed system includes heuristics for the
ordering of medical tests, which is an advantage
over the other trial-selection systems. The experi-
ments have shown that the ordering of tests affects
their overall cost, and the implemented heuristics
reduce this cost.

We now point out some limitations of the devel-
oped system and related future challenges. First,
the system does not access patient data in the
Moffitt clinical database, and nurses have to enter
all relevant information through the system’s
interface. The data in the clinical database are
mostly in natural language, as dictated by physi-
cians; we plan to develop a mechanism for trans-
ferring these data into the trial-selection system,
which will require domain-specific tools for nat-
ural-language processing. Second, the system
does not keep track of temporal changes in the
data; for example, it does not update a patient’s
age, and does not flag the out-of-date test results.
We have recently designed a mechanism for tem-
poral reasoning, and we plan to integrate it with
the system. Third, the test-ordering heuristics do
not account for the probabilities of possible test
results, and we are presently working on the inte-
gration of the current heuristics with probabilistic
reasoning.
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Abstract — When clinicians test a new treatment pro-
cedure, they need to identify and recruit patients with
appropriate medical conditions. We have developed an
expert system that helps clinicians select patients for ex-
perimental treatments, and to reduce the number and
overall cost of related medical tests. We describe exper-
iments on selecting patients for new treatments at the
Moffitt Cancer Center. The experiments have shown
that the system can increase the number of selected pa-
tients by a factor of three, and that it can also reduce
the cost of the selection process.

Keywords: Medical expert systems, breast cancer,
cost reduction.

1 Imntroduction

When clinicians conduct treatment experiments,
called clinical trials, they have to recruit participants
from current patients. To select prospective partici-
pants, clinicians analyze the data of available patients
and identify patients with appropriate medical condi-
tions. This anelysis has traditionally been a2 manual
process, and studies have shown that clinicians miss up
to 60% of the matching patients, which delays the com-
. pletion of clinical trials [7, 17].

To address this problem, several researchers built ex-
pert systems to help clinicians select trial participants.
Ohno-Machado et al. developed the AIDS? system, which
selected AIDS patients for clinical trials [11). Musen et
el built a rule-based system, called EON, that also se-
lected AIDS trial participants [8]. Bouaud et al. created
the ONCODOC system, which suggested trials for cancer
patients [2, 3]. Séroussi et al. used ONCODOC to iden-
tify trial participants at two hospitals, which helped in-

0-7808-7952-7/03,/$17.00 © 2003 IEEE.

crease the number of selected patients by a factor of
three [13, 14, 15].

The National Cancer Institute created a search en-
gine for selecting clinical trials, available through the
Internet at www.cancer.gov/search/clinical_trials. It
prompts a user to answer several questions about a pa-
tient, and gives a list of potentially matching trials; how-
ever, it does not determine whether the patient satisfies
all of the requirements of these trials.

Fallowfield et al. studied how physicians selected can-
cer patients for clinical trials, and compared manual and
automated selection [5]. They showed that expert sys-
tems could improve the selection accuracy, but physi-
cians were reluctant to use these systems. Carlson et
al. conducted similar studies with AIDS trials, and also
concluded that expert systems could lead to a more ac-
curate selection [4].

A recent project at the University of South Florida
has also been aimed at automated identification of
prospective trial participants. Theocharous developed
a Bayesian system that selected clinical trials for cancer
patients [12, 16], and Bhanja et al. built a qualitative
rule-based system for the same task [1].

‘We have continued their work, built a new version
of the rule-based system [6, 9, 10], and applied it to
selecting patients for breast-cancer trials at the Moffitt
Cancer Center, located on campus of the University of
South Florida. We outline the design of this system and
present an empirical evaluation of its effectiveness.

2 Knowledge base

" Physicians at the Moffitt Cancer Center currently
conduct about 150 clinical trials. We have developed an
expert system to help physicians select trials for eligible
patients; it consists of a knowledge base and a web-
based interface for entering patient data. The knowl-
edge base contains information about related medical
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(8) MEDICAL TESTS

General information
What is the patient’s sex?
What is the patient’s age?

Mammogram, Cost is $150
What is the cancer stage?
Does the patient have invasive cancer?

Biopsy, Cost is $400
How many lymph nodes have tumor cells?
What is the greatest tumor diameter?

Electrocerdiogram, Cost is $200
Does the patient have cardiac arrhythmias?

(b) ELIGIBILITY CRITERIA

ser = FEMALE and

age < 45 and

cancer-stage € {11, 111} and

invasive-cancer = NO and

lymph-nodes < 3 and

(arrhythmias = NO or
tumor-diameter < 2.5)

4Figure 1: Description of medical tests and trial-

eligibility criteria in the trial-selection system.

tests, as well as logical expressions that determine a pa-
tient’s eligibility for each trial. The description of a
medical test includes its doilar cost and list of questions
that can be answered based on the test results .(Fig-
ure la). The trial-eligibility criteria are represented by
a logical expression, which includes variables that repre-
sent the patient data, as well as equalities, inequalities;
“set-element” relations, conjunctions, and disjunctions
(Figure 1b).

The system collects data until it. can determine
whether the eligibility expression is TRUE or FALSE. For
example, if a clinician uses the system to determine a pa-
tient’s eligibility for the trial in Figure 1(b), it first asks
about the patient’s sex and age. If the patient satisfies
the corresponding conditions, it asks for the mammo-
gram results, and then requests the biopsy and electro-
cardiogram data. The ordering of tests depends on their
costs and on the amount of information provided by test
results. The system begins with the mammogram be-
cause it is cheaper than the other tests and provides
data for two clauses of the eligibility expression.

3 Selection of participants

‘We have built a knowledge base for the breast-cancer
trials at the Moffitt Cancer Center, including five com-
pleted trials and ten current trials, and applied the sys-
tem to retrospective data from the Moffitt patients who
have had a breast-cancer surgery in the last three years.
‘We have discarded the patients whose available records

are incomplete, and used all remaining patients, which
include 187 past patients and 169 current patients.

We have compared the results of antomated trial se-
lection for these patients with the manual selection by
Moffitt clinicians. The system has identified all eligible
patients for each trial, whereas the clinicians have se-
lected about one-third of the eligible patients. We sum-
marize the results for the past patients in Table 1(a),
and the results for the current patients in Table 1(b).
The “participants” column shows the number of actual
participants of each trial; the “other eligible” column
gives the number of the other eligible patients identified
by the system.

For every current patient who did not participate in
a matching trial, we have checked whether she partic-
ipated in any other trial, and we show the results in
Table 2. We have not done a similar analysis for the
past patients due to insufficient data. The “incompati-
ble” column in Table 2 includes the number of eligible
patients who did not participate in a specified trial be-
cause of participation in another incompatible trial. The
“compatible” column shows the number of patients who

. participated in another compatible trial, and could also

have participated in the specified trial. Finally, the “no
other trial® column gives the number of eligible patients
who have not participated in any trial. )

The results show that the system can identify eligi-
ble patients who have not been selected by clinicians;
thus, it can increase the number of irial participants.
For the patients in the reported experiments, it could
increase the overall number of participants by a factor
of three. In particular, it has found prospective par-
ticipants for some trials with a very small number of
manually selected patients. For example, it has found
nineteen matching patients for trial 12385, which cur-
rently has no participants, and twenty-six patients for
trial 11931, which has only two participants.

4 Cost reduction

If the available patient records do not provide enough
data for trial selection, clinicians perform medical tests
as part of the selection process. They can reduce the
overall test cost by first ordering inexpensive tests, and
then using their results to avoid some expensive tests.

The system suggests the ordering of tests that reduces
their expected cost. After getting the results of the first
test, it re-evaluates the need for the other tests and re-
vises their ordering. The choice of the first test is based
on three criteria. The system scores all required tests
according to these criteria, computes a linear combina-
tion of the three scores for every test, and chooses the
test with the highest score.
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Table 1: Results of selecting clinical trials for the 187
past patients and 169 current patients. We give the
number of trial participants, selected by both the sys-
tem and Moffitt clinicians, and the number of the other

eligible patients, identified by the system.

(2) Results for the 187 past patients.

Clinical { Parti- | Other
Trial | cipants | Eligible
10822 10 5
10840 0 19
11072 | 48 26
11378 4 19
11992 5 6
12100 8 20
12101 20 30

(b) Results for the 169 current patients.

Clinical | Parti- | Other
Trial | cipants | Eligible
11132 4 1
11931 2 26
11971 4 0
12100 0 5
12101 11 52
12385 0 19
12601 0 1
12643 16 36
12757 1 3
12775 23 17

Table 2: Participation of the patients who skipped a
matching clinical trial in other trials.
number of patients who skipped the trial because of par-
ticipation in another incompatible trial; the number of
patients who were on another trial compatible with the 50 -
skipped trial; and the number of eligible patients who

were not on any trial.

-]
S
‘We show the E
=

Clinical | Incom- | Compa- | No Other
Trial | patible | tible Trial
11132 0 1 0
11931 0 11 15
11971 0 0 0
12100 0 1 4
12101 13 6 33
12385 8 2 9
12601 0 0 1
12643 0 10 26
12757 0 1 2
12775 3 3 11

Table 3: Cost savings by test reordering.

(2) Results for the 187 past patients.

Mean Cost
Clinical | W/O Test | With Test
Trial | Reordering | Reordering
10822 §70 $11
10840 $0 $0
11072 $209 $60
11378 835 $19
11992 $0 g0
12100 $0 80
12101 ° $0 $0

(b) Results for the 169 current patients,

Mean Cost
Clinical [ W/O Test | With Test
Trial | Reordering | Reordering
11132 $0 $0
11931 $0 $0
11971 $192 $192
12100 $0 $0
12101 $0 $0
12385 $0 $0
12601 $36 $3
12643 $0 $0
12757 $107 $107
12775 $0 80
5250

AW/ Reordering

[SER| O With Reordering

10822

(2) Results for the 187 past patients.

11072

-
11378

DWith Re

WW/O Reordering
ordening

11971

12601

12757

(b) Resuits for the 169 current patients.

Figure 2: Costs with and without test reordering. We
plot the results for the six clinical trials that have in-
curred nonzero selection costs.
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1. Cost of a test. The system gives preference to less
expensive fests.

2. Immediaie decision. If a test can lead to an imme-
diate acceptance or rejection of the trial, the system
prefers it to other tests.

3. Number of related clauses. The system prefers the
tests that provide data for large number of clauses
in the eligibility expression.

The system disregards the costs of tests performed in
the normal course of treatment, and accounts only for
the costs related to the trial selection. For example, if
a patient needs 2 mammogram regardless of trial par-
ticipation, the system views it as a zero-cost test. On
the other hand, if the only purpose of the biopsy and
eléctrocardiogram is to select trials, the system uses the
heuristics to order these tests.

We show the mean test costs with and without the
ordering heuristics in Table 3, and give a graphical view
of the cost savings in Figure 2. The results confirm
that the heuristics reduce the cost of the selection pro-
cess. Six clinical trials have incurred selection costs; the
heuristics have reduced the costs for four of these trials,
and have not affected the costs for the other two trials.

The results in Table 3(a) differ from similar experi-
ments with an earlier version of the system [6], because
of two changes to the system. First, the current version
disregards the costs of the tests required for the reg-
ular treatment, which do not affect the trial-selection
expenses, whereas the earlier version counted all costs.
Second, some costs in the old system were out-of-date,
and we have corrected them based on the data from the
Moffitt accounting department.

5 Reduction of data entry .

The system tries to minimize not only the overall cost
of medical tests, but also the amount of data entry, that
is, the number of questions asked about a patient. For
each question, it estimates the probability that the an-
swer will lead to an immediate acceptance or rejection
of the trial, and it gives preference to the questions with
the highest probability of an immediate decision. Thus,
when a clinician enters the available data, the system
asks the related questions in the decreasing order of
the immediate-decision probabilities. It estimates these
probabilities from past experience with other patients.
For each question, it determines the percentage of past
answers that have led to immediate decisions, and uses
this percentage as the probability estimate.

We have evaluated the effectiveness of this ordering
heuristic for six clinical trials, using the data from the
169 current patients. We havé performed ten-fold cross-
validation; that is, we have used 90% of the patients to
compute the related probabilities, and then measured
the mean number of questions for the other 10%.

We show the results with and without the ordering
heuristic in Table 4, and give a graphical view of the

Table 4: Reduction of data entry by the reordering of
questions, for the 169 current patients.

Mean Number of Questions
Clinical [ W/O Question | With Question

Trial Reordering Reordering
11931 18.9 15.4
12100 14.0 13.9
12101 24.8 21.7
12385 19.1 14.8
12601 15.7 13.9
12775 16.1 14.4
4 - RBW/O Reordering
‘ DWith Reordering

i

Moean HNumber
of Questions
Sa 8N

Qo v
b 3

Figure 3: Number of questions with and without the
reordering heuristic, for the 169 current patients.

same results in Figure 3. The heuristic has reduced
the number of questions for all six trials; the reduction
ranges from 1% to 29%, and its mean is 15%. The re-
sults confirm that the accumulated statistical data help
reduce the number of questions.

6 Concluding remarks

We have developed an expert system-that selects
clinical trials for eligible patients. Experiments have
confirmed that the system can increase the number of
clinical-trial participants. They have also shown that
the ordering of related medical tests affects the over-
all test cost, and the implemented heuristics can reduce
this cost.

Acknowledgments: This work has been partially sup-
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00-1-0244.
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Abstract— The purpose of a clinical trial is to eval-
uate a new treat: t procedure. When medical re-
searchers conduct a trial, they recruit participants
with appropriate medical histories. To select par-
ticipants, the researchers analyze medical records of
the availnble patients, which has traditiohally been a
manual procedure. We describe an intelligent agent
that helps to select patients for clinical trials. If the
available data are insufficient for choosing patients,
the agent suggests additional medical tests and finds
an ordering of the tests that reduces their total cost.

Keywords— Medical expert systems, automated di-
agnosis, clinical trials.

I. INTRODUCTION

A clinical trial is an experiment with a new treat-
ment procedure. When medical rescarchers test a new
treatment, they recruit patients with appropriate health
problems and medical historics. The sclection of pa-
tients has traditionally been a manual procedure, and
recent studies have shown that clinicians can miss up to
60% of the eligible patients [9, 10, 14, 26, 35, 38].

If the available records do not provide enouvgh data,
clinicians perform medical tests as part of the selection
process. The costs of most tests have declined over the
last decade, but the number of tests has significantly in-
creased [33, 36}, which is partially due to inappropriate
ordering of tests {1, 25]. Clinicians can reducc the cost
by first requiring incxpensive tests and then using their
results to avoid some expensive tests; however, finding
the right ordering may be a complex problem.

The purpose of the described work is to automate the
selection of patients for clinical trials and minimize the
cost of rclated tests. We have developed an agent that
identifies appropriate trials for each patient, and built a
knowledge basc for breast-cancer trials.

I1. PrevIOUs WORK

Rescarchers began to work on medical expert systems
in the early seventies. Shortliffe et al developed the
MYCIN system, which dizgnosed bacterial diseases (5, 30,
31). Its knowledge basc consisted of if-then rules, which
allowed for the analysis of symptoms and cvaluation of
the certainty of the diagnosis. Experiments showed that
MYCIN correctly diagnosed common diseases, which Jed
to the development of other medical systems [5, 19), such
as NEOMYCIN, PUFF, CENTAUR, and vM. Shortliffe et al.
created a system for selecting chemotherapy treatments,
called ONcOCIN [32], which also evolved from MYCIN.

Lucas et al. constructed a rule-based system for diag-
nosing liver and biljary-tract diseases [16], but it often

gave an incorredt diagnosis [12, 23]. Korver and Lucas
converted the initial system into a Bayesien network,
which improved its performance (13, 15].

Musen et al. built s rule-based system, called EON,
that selected AIDS patents for clinical trials {20}. Ohno-
Machado et ol. developed the AIDS?sy stem, which also
assigned AIDS patients to clinical trials [21]. They in-
tegrated logical rules with Bayesian networks, which
helped to make decisions in the absence of some data.

Bouaud et al. created a cancer expert system, called
ONCODOG, thet suggested alternative clinical trials for
each patient and allowed a physician to choose among
them [3, 4). Séroussi et ol used ONCODOC to select
participants for clinical trials at two hospitals, which
helped to increase the number of sclected patients by a
factor of three [27, 28, 29].

Hammond and Sergot created the OaSiS architec-
ture [11], which combined the techniques from carlier
systems, including EON and ONCOCIN. Smith et al. built
a system that assisted a clinician in selecting medical
tests and reducing their number and cost [17, 18, 33].

Fallowfield et al. studied how physicians selected can-
cer patients for clinical trials, and compared manual
and sutomatic selection [8). They showed that expert
systems could improve the selection accuracy; however,
their study also revealed that physicians were reluctant
to use these systems. Carlson et al. conducted similar
studies with AIDS trials, and also concluded that expert
systems could lead to a more accurate selection [6].

Theocharous developed a8 Bayesian system that se-
lected clinical trials for cancer patients [24, 34). It
learned conditional probabilities of medical-test out-
comes and evaluated the probability of a patient’s eligi-
bility for each trial. On the negative side, the available
medical records were often insufficient for learning ac-
curate probabilities. Furthermore, when adding a new
clinical trial, the user had to change the structure of the
underlying Bayesian network.

To address these problems, Bhanja et al. built a rule-
based system for the same task {2). We have contimed
that work, extended the system, and added a mecha-
nism for reducing costs involved in patient selection.

II1. ExAMPLE

We have developed an intelligent agent that helps to
select clinical trials for cligible patients. It prompts a
clinician to enter the results of medical tests, and iden-
tifies appropriate trials. If the available records do not
provide enough data, the agent suggests additional tests.

In Figure 1(a), we give a simplified example of eligibil-



(a) Eligibility criteria

1. The patient is female.

. She is at most forty-five years old.

. Her cancer stage is It or IIL

. Her cancer is not invasive.

. At most three lymph nodes have tuinor cells.

. Either
o the patient has no cardiac arrhythmias, or
o all tumors are smaller than 2.5 centimeters.

(b) Tests and questions
Geneml information

What is the patient’s sex?
What is the patient’s age?
Mommogram, Cost is $150

What is the cancer stage?
Does the patient have invasive cancer?

Biopsy, Cost is $300

What is the cancer stage?

How many lymph nodes have tumor cells?
What is the greatest tumor size?

Electrocardiogram, Cost is $200
Does the patient have cardiac arrhythmias?

DU bW

Fig. 1. Example of eligibility eriteria, tests, and questions.

{a) Acceptance (b) Rejection

sez = FEMALE and sez = MALE or

age < 45 and age > 45 or

stage € {11, s} and | cancer € {1, v} or

inyasive = NO and nvasive = YES or

lymph-nodes < 3 and | lymph-nodes >3 or

(arvhythmias = NO or (arrhythmias = YES and
tumor-size < 2.5) tumor-size > 2.5}

Fig. 2. Logical expressions for the criteria in Figure 1(a).

ity criteria for a clinical trial. This trial is for young and
middle-aged women with a noninvasive cancer at stage
11 or 11. When testing a patient’s cligibility, a clinician
has to order three medical tests (Figure 1b).

The agent first prompts a clinician to enter the pa-
tient’s sex and age. If the patient satigfies the corre-
sponding conditions, the agent asks for the mammo-
gram results and verifies Conditions 3 and 4; then, it
requests the biopsy and electrocardiogram data. If the
patient’s records alrcady include some test results, the
clinician can answer the corresponding questions while
entering the personal data, before the agent selects test
procedures. For example, if the records indicate that
the cancer stage is 1v, the clinician can enter the stage
along with sex and age, and then the agent immediately
determines that the patient is ineligible for this trial.

IV. KNOWLEDGE Bast

The agent’s knowledge base includes questions, med-
ical tests, and logical expressions that represent eligibil-
ity criteria for each trial. We give a simplified example
of tests and questions in Figure 1(b), and logijcal expres-
sions in Figure 2.

sez = FEMALE and sez = FEMALE and
age < 45 and f age <45 and )
stage € {u, 1} and stage € {11, 311} and
tnvasive = NO and invasive = NO- and
tymph-nodes < 3 and lymph-nodes < 3 and
arrhythmias = NO tumor-size < 2.5

Fig. 3. Disjunctive normal form of the acceptance expression.

or

The agent supports three types of questions; the first
type takes 2 yes/no response, the second is multiple
choice, and the third requires & numeric answer. For
example, the cancer stage is a multiple-choice question,
and the tumor size is a numeric question. The descrip-
tion of a medical test includes the test name, dollar cost,
and list of questions that can be answered based on the
test results (Figure 1).

We encode the eligibility for a clinical trial by a log-
jcal expression that does not have negations, called the
acceptance expression. It includes variables that rep-
resent medica) data, as wel} as equalities, inequalities,
“set-elemernt” relations, conjunctions, and disjunctions
(Figure 2a). In addition, the agent uses the logical com~
plemernt of the eligibility criteria, called the rejection
ezpression, which also does mot have negations (Fig-
ure 2b). It describes the conditions that make a patient
ineligible for the trial.

‘The agent collects data until it can determine which of
the two expressions is TRUE. For instance, if a patient’s
sex is MALE, then the rejection expression in Figure 2(b)
is TRUE, and the agent immediately determines that this
trial is inappropriate. If the sex is FEMALE, the agent
asks more questions.

If the knowledge base includes multiple clinical trials,
the agent checks a patient’s cligibility for each of them.
It fiest asks for the tests related to multiple trials, and
then requests additional tests for specific trials. After
getting cach new answer, the agent re-cvaluates the pa-
tient’s eligibility for each trial.

V. ORDER OF TESTS

If a patient’s recards do not include cnough data,
the agent asks for additional tests; for example, if the
records do pot provide data for the eligibility criteria in
Figure 1, the agent asks for the mammogram, biopsy,
and electrocardiogramn. The total cost of tests may de-
pend on their order; for instance, if we begin with the
mammogram, and it shows that the cancer stage is gV,
then we can immediately reject the trial in Figure 1 and
avoid the more cxpensive tests.

We have cxplored heuristics for ordering the tests, -
based on the test costs and the structure of acceptance
and rejection expressions. The heuristics use a disjunc-
tive normal formn of these expressions: that is, each ex-
pression must be a disjunction of conjunctions. For ex-
ample, the rejection expression in Figure 2(b) is in dis-
junctive normal form. whereas the acceptance expres-
sion in Figure 2(a) is not. I the system uses ordering
heuristics, it converts this acceptance expression into
the disjunctive normal form shown in Figure 3.




The agent chooses the order of tests that reduces their
expected cost. After getting the results of the first test,
it re-evaluates the need for the other tests and revises

“their ordering. The choice of the first test is based on
three criteria. The agent scores all required tests ac-
cording to these criteria, computes a linear combination
of the three scores for every test, and chooses the test
with the highest score.

1. Cost of the test. The agent prefers cheaper tests.
For instance, it may start with the mammogram, which
is cheaper than the other two tests in Figure 1.

2. Number of clinical trials that require the test.
When the agent checks a patient’s eligibility for several
trials, it prefers tests that provide data for the largest
number of trials. For example, if the electrocardiogram
gives data for two different trials, the agent may prefer
it to the mammogram despite its higher cost.

8. Number of clauses that include the test resuils.
The agent prefers the tests that provide data for the
largest number of clauses in the acceptance and rejec-
tion expressions. For example, the mammogram data
affect both clauses of the acceptance expression in Fig-
ure 3 and two clauses of the rejection expression in Fig-
ure 1{b). On the other hand, the electrocardiogram af-
fects only one clause of the acceptance expression and
one clause of the rejection expression; thus, the agent
should order it after the mammogram.

V1. USER INTERFACE

The agent includes a web-based interface that allows
clinicians to enter paticnts' data through remote com-
puters; the interface consists of five screens (Figure 4).

The start screen is for adding and retricving patients
{Figure 5). After a user enters a patient’s name, the
agent displays a list of the available trials (Figure 6).
The user can choose a subset of these trials, and then
the agent checks eligibility only for the sclected trials.
The next screen is for basic personal and medical data,
such as sex, age, and cancer stage (Figure 7).

After the agent gets the basic data, it prompts the
uscr for medical information rclated to specific trials
(Figure 8). When the user enters medical data, the
agent continuously re-evaluates the patient's eligibility
and shows the decision for cach trial. If the patient
is incligible for some trials, the user can find out the
reasons by clicking the “Why” button. The interface
also includes a screcn for the review and modification of
the previous answers, similar to the screen in Figure 8.

VII. EXPERIMENTS

We have built a knowledge base for the breast-cancer
clinical trials at the H. Lee Moffitt Cancer Center, ap-
plied the agent to retrospective data from 187 past pa-
tients and 57 current patients, and compared the results
with manual selection by clinicians at the cancer center.

We summarize the results for the past patients in Ta-
ble 1, and the results for the current patients in Table II.
The “same matches” column includes the number of pa-
ticnts who have been selected by both human clinicians
and the automated agent. The “new matches” column
gives the number of patients who have been matched

TABLE 1
RESULTS OF MATCHING 187 PAST PATIENTS.

Clinical Same New Missing
Trial | Matches | Matches | Data
10822 10 5 [
10840 0 19 3
11072 48 26 19
11378 4 19 3
11992 5 6 0
12100 8 20 13
12101 20 30 0

TABLE II

RESULTS OF MATCHING 57 CURRENT PATIENTS,

Clinical Same New Missing
Trial | Matches | Matches | Data
11132 4 1 1
11971 3 0 0
12100 0 2 0
12101 4 21 (1]
12601 (] 1 0
11931 1 8 0
12775 1 4 0

by the agent but potentially missed by human clini-
cians. Finally, the last column shows the number of
paticnts whose available records are incomplete. Clini-
cians have found trials for these patients, but the agent
cannot identify these matches because of missing data.
The agent has found 2 number of matches potentially
missed by human clinicians; thus, it can help to recruit
more patients for clinical trials.

In Table IIl, we give the mean test costs with and
without the ordering heuristics for the 187 past patients.
‘The results show that the implemented heuristics reduce
the costs by more than a factor of two.

VIII. SCALABILITY

The time complexity of evaluating the acceptance and
rejection expressions is linear in their size. Experiments
on a Sun Ultra 10 have shown that the evaluation takes
about 0.02 seconds per question, and the time is linear in
the number of questions. Typical eligibility conditions
for a clinical trial include ten to thirty questions; thus,
the evaluation time is 0.2 to 0.6 seconds per trial.

TABLE I
COST SAVINGS BY TEST REORDERING.
Average Dollar Cost
Clinical | Without Test | With Test
Trial Reordering | Reordering
10822 $20 38
10840 $0 $0
11072 8556 $194
11378 $34 $0
11992 $87 $34
12100 $0 $0
12101 $24 $22




Adding patients | | Selecting clinical trials| | Entering initial data Entering medical data
«! o« Add a new patient [ ® Choose candidate tials {a{ » Answer initial questions il » Enter test results
o Find an old patient | | ¢ View availble trials o Change previous answers | { ¢ View eligibility decisions
' 13
Revising medical data

Fig. 4. Entering a patient's data. The web-based interface for data entry consists of five screens. Wa show these screens by

rectangles and the transitions between them by arrows.

* View fest results
o Change some esults

C'o.s v

"

it e hod gy B it

* ©'Yes & Ro € Deber

(Whatis the patienty ex?[Femaie =] -,

Fig. 7. Entering basic information for a patient.

PROTOCOL - STATUS-——-QUESTIONS BEMAINING—-—PERCENTAGE OF QUESTIONS ANSWERED

s

Fig. 8. Entering medical data.




(a) Eligibility criteria

1. The patient is female.

2, She is at most forty-five years old.

3. Either

" her cancer is not invasive, or

® her cancer is not recurrent.

4. Either
© at most three lymph nodes have tumor cells, or
o all tumors are smaller than 2.5 centimeters.

5. Either
» the patient has no cardiac arrhythmias, or
« the patient has no congenital heart disease.

{b) Acceptance expression

sez = FEMALE and

age < 45 and

(invasive = NO or recurrent = NO) and
(lymph-nodes < 3 or tumor-size < 2.5) and
(arrhythmias = NO or congenital = NO)

{¢) Reduced expression

sez = FEMALE and

age < 45 and

invasive-and-recyrrent = NO and

(lymph-nodes < 3 or tumor-size < 2.5) and
ks 3 2 A ."al - No

arriy ang.

Fig. 9. Reducing the number of disjunctions. The conversion
of the cligibility criteria (8) into a logical expression (b)
leads to an explosion in the size of the cofresponding
disjunctive normal form. We can prevent the explosion
by replacing some disjunctions with single questions (c).

The linear scalability is an important advantage over
Bayesian systems, which do not scale to a large number
of clinical trials [7, 21, 23]. The authors of thesc systems
have reported that the sizes of the underlying networks
are superlinear in the number of trials [22, 37], and the
training time is superlinear in the network size [24, 34].

If the agent uscs the cost-reduction heuristics, it con-
verts the acceptance and rejection expressions into dis-
junctive normal form, which can potentially lead to an
explosion in their size. For example, if eligibility con-
ditions are as shown in Figure 9(a), the agent initially
gencrates the expression in Figure 9(b). If the agent
converts it to disjunctive normal form, the resulting ex-
pression consists of eight clauses.

Although the conversion may result in impractically
large expressions, experiments have shown that this
problem does not arise in practice because the number
of nested disjunctions is usually small. Furthermore,
we can eliminate some disjunctions by combining their
elements into longer questions. For instance, we can
represent Condition 3 in Figurc 9(2) by a single ques-
tion: “Does the patient have both invasive and recurrent
cancer?” If we apply this modification to Conditions 3
and 5, then we obtain the expression in Figure 9(c), and
its conversion to disjunctive normal form results in an
expression with two clauses.

IX. CoNGLUDING REMARKS
We have developed an agent that automatically as-

- signs patients to clinical trials. We have described the

representation of selection eriteria, heuristics for order-
ing of tests, and a web-based interface for entering pa-
tients' data, which will enable physicians across the
country to access a central repository of clinical trials.

Experiments have confirmed that the agent has the
potential to find more participants for clinjcal trials.
They have also shown that the ordering of medical tests
affects their overall cost, and the implemented heuris-
tics can reduce the cost of finding trial participants. The
heuristics do not account for the probabilities of possible
test results, and we plan to add probabilistic reasoning
as part of the future work.
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Abstract~ When medical researchers test a new
treatment procedure, they recruit patients with ap-
propriate medical histories. An experiment with a
new procedure is called a clinical trial. The selection
of patients for clinical trials has traditionally been a
jabor-intensive task, which involves the matching of
medical records with a list of eligibility criteria, and
studies have gshown that clinicians can miss up to
60% of the eligible patients. A recent project at the
University of South Florida has been aimed at the
automation of this task. We have developed an in-
telligent agent that selects trials for eligible patients.
‘We report the work on the representation and entry
of the related knowledge about clinical trials. We
describe the structure of the agent's knowledge base
and the interface for adding new trials,

Keywords— Knowledge representation, medical ex-
pert systems, user interfaces.

1. INTRODUCTION

Cancer causes 550,000 deaths in the United States
every year, and the treatment of cancer is an active
research arca. Medical experts explore new treatment
methods, such as drugs, surgery technigues, and radi-
ation therapies. An experiment with a new treatment
procedure is called & clintea! trial. When researchers
conduct a trial, they recruit patients with an appro-
priate cancer type and medical history. The selection
of patients has traditionally been a manual procedure,
and studics have shown that clinicians can miss up to
60% of the cligible patients [12, 22, 30].

A recent project at the University of South Florida
has been aimed at automatic selection of patients for
clinical trials. 'We have developed an intelligent agent
that prompts a clinician for a paticnt’s data and identi-
fies all matching trials [1, 11]. It includes a knowledge
base with information about available clinjcal trials, cri-
teria for selecting paticnts, and related medical tests.

‘We report the work on a web-based interface that en-
ables a clinician to enter new trials without the help
of a programmer. We have uscd the interface to build
a knowledge base for clinical trials at the Moffitt Can-
cer Center, located at the University of South Floride.
We review the previous work on medical expert systems
(Section IT), explain the knowledge representation in the
developed agent (Section III), and describe the interface
for adding new knowledge (Scction 1V).

I1. PrEVIOUS WORK

Researchers began to work on medical applications
of artificial intelligence in the early seventies. Short-
liffe and his colleagues developed the MYCIN system,

which diagnosed bacterial diseases (5, 25, 26]. Exper-
iments showed the effectiveness of MYGIN, which led to
the development of other medical systems (5, 14], such
as NEOMYCIN, PUFF, CENTAUR, and VM.

Musen et al. built a rule-based system, called EON,
that selected AIDS patents for clinical trials {17]. Ohno-
Machado et al. developed the Ams’sy stem, which also
assigned AIDS patients to clinical trials [19]. Bouaud et
aol. created a cancer expert system, called ONcoboC,
that suggested alternative trials for each patient and al-
Jowed a physician to choose among them [3, 4]. Séroussi
used ONCODOC to select participants for clinical trials
at two hospitals, which helped to increase the number
of sclected patients by a factor of three {23, 24}.

Early expert systems did not have knowledge-
acquisition tools, and programmers hand-coded the re-
lated rules. To simplify knowledge entry, researchers
implemented specialized tools for some systems [13, 15}.

Eriksson pointed out the need for tools that would al-
low efficient knowledge acquisition, and described a sys-
tem for building such tools {6]. Tallis et al. developed &
library of scripts for modifying knowledge bases, which
helped to enforce the consistency of the modified know}-
edge (7, 27, 28, 29]. Kim and Gil considered the use
of scripts for building new knowledge-acquisition tools,
and created a system for evaluating these tools (9, 10}.
Blythe et ol designed a general knowledge-acquisition
interface based on previous techniques {2].

Musen developed the PROTEGE environment for cre-
ating kmowledge-acquisition tools {14, 16}, which proved
effective for the development of knowledge systems, in-
cluding the AID3 expert systems {20}, asthma treatment
selection [8], and elevator-design rules [21].

1II. KNOWLEDGE BASE

Physicians at the Moffitt Cancer Center have about
150 clinical trials available for cancer patients. They
have identified criteria that determine a patient’s eligi-
bility for each trial, and they usc these criteria to select
trials for eligible patients. Traditionally, physicians have
selected trials by a manual analysis of patients’ data
The review of resulting selections has shown that they
usually do not check all clinical trials and occssionally
miss an appropriate trial.

To address this problem, we have built an intelligent
agent that helps to select trials for each patient. It
prompis a clinician to enter the results of medical tests,
and uses them to identify appropriate trials.

1n Figure 1(a), we give a simplified example of eligibil-
ity criteria for a clinical trial. This trial is for young and



(a) Eliglbility criteria
1. The patient is female,
_2. She is at most forty-five years old.

3. Her cancer stage is 11 or 111

4. Her cancer is not invasive.

5. At most three lymph nodes have tumor cells.

6. Either
« the patient has no cardiac arrhythmias, or
» all tumors are smaller than 2.5 centimeters.

(b) Tests and questions

Genenl information

‘What is the patient’s sex?

What is the patient's age?
Mammogram, Cost is $150

‘What is the cancer stage?

Does the patient have invesive cancer?

Biopsy, Cost is $300

What is the cancer stage?

How many lymph nodes have tumor cells?
What is the greatest tumor diameter?

Electrocardiogram, Cost is $200
Does the patient have cardiac arrhythmias?
{c) Eligibility expression.
sex = FEMALE and
age < 45 and
cancer-stage € {, 1} and
invasive-cancer = NO and
lymph-nodes < 3 and
{arrhythmias = NO or
tumor-diameter < 2.5)

Fig. 1. Example of eligibility eriteria, tests, and questions.

middle-aged wornen with a noninvasive cancer at stage
11 or 1. When testing a patient’s eligibility, a clinician
has to order threc medical tests (Figure 1b). The agent
first prompts the clinician to enter the patient’s sex and
age. If the patient satisfies the corresponding condi-
tions, the agent asks for the mammogram results and
verifies Conditions 3 and 4; then, it requests the biopsy
and electrocardiogram data.

The agent’s knowledge base includes questions, tests,
and logical expressions that represent eligibility for each
trial. We give an example of tests and questions in Fig-
ure 1(b), and a logical expression in Figure 1{c).

The agent supports three types of questions; the first
type takes a yes/no response, the second is multiple
choice, and the third requires a numeric answer. For
cxample, the cancer stage is a multiple-choice question,
and the tumor diameter is 2 numeric question. The de-
scription of a medical test includes the test name, dollar
cost, and list of questions that can be answered based
on the test results. For instance, the mammogram in
Figure 1 has a cost of $150, and it allows the answering
of two questions. Different tests may answer the same
question; for example, both mammogram and biopsy
show the cancer stage.

‘We encode the eligibility for a clinical trial by a log-
jcal expression, which may include variables that rep-
resent the available medical data, as well as equalities,
inequalities, “set-element” relations, conjunctions, and
disjunctions. For example, we encode the criteria in
Figure 1(a) by the expression in Figure 1(c).

The agent collects data until it can determine whether
the eligibility expression is TRUE or FALSE. For instance,
if & patient’s sex is MALE, then the expression in Fig-
ure 1{c) is FALSE, and the agent immediately rejects this
trial. If the sex is FEMALE, the agent has to ask more
questions, If the knowledge base includes many clinical
trisls, the agent checks a patient’s eligibility for each of
them. It first asks for the tests related to multiple trials,
and then requests additional tests for specific trials.

IV. ENTERING ELIGIBILITY CRITERIA

We have designed a web-based interface for adding
new clinical trials {18, which consists of two main parts;
the first part is for adding information about medical
tests (Figure 2), and the second is for eligibility crite-
ria (Figure 3). The interface includes ten screens; two
of them are “start screens,” which can be reached from
any other screen. We give an example of entering eli-
gibility criteria, describe the two parts of the interface,
and present experiments on its effectiveness.

Example: Suppose that a user needs to enter the cri-
teria shown in Figure 1. First, she utilizes the “Adding
tests” screen to enter the three tests (Figure 4). Then,
she adds the related questions; to enter questions for
a specific test, she selects the test and clicks “Modify”
(Figure 4), and the agent displays the “Modifying o test”
screen (Figure 5). To add a question, she clids the
appropriate button at the bottom (Figure 5} and then
types the question (Figure 6).

After adding the questions for all tests, the user goes
to the “Adding clinical trials” screen and initializes a
new trial (Figure 7). She gets the “Selecting fests”
screen and chooses the tests related to the current trial
(Figure 8). Then, she marks relevant questions and the
answers that make a patient eligible (Figure 9). If the
eligibility criteriainclude disjugctions, she has tousc the
screen for composing logical expressions (Figure 10).

Tests and questions: The interface for adding tests
and questions includes six screens (Figure 2). The start
screen is for viewing the available tests and defining new
ones, wheress the other screens are for modifying tests
and adding questions.

We show the start screen in Figure 4; its left-hand side
allows viewing questions and going to a modification
screen. If the user selects a test and clicks “View,” the
agent shows the questions related to this test. If the user
clicks “Madify, ” it displays the “Modifying a test” screen
{Figure 5). ‘The right-hand side of the start screen allows
adding a new test by specifying its name and cost.

The “Modifying a test” screen shows the information
about a specific test, which includes the test name, cost,
and related questions. The user can change the test
name and cost; the four bottom buttons allow moving
to the screens for adding and deleting questions.




Adding tests Modifying a test
* Addanewteg [ * Change the name and cost

® View an 0ld test * View all questions
l \
Adding a yes/no || Adding a multiple- || Adding a numeric Deleting
question choice question question questions

o Add a new question || e Add a new question | {e Add anew question || Delete quesions

s View all guestions « View all questions « View all questions » View allq

Adding clinical trials Selecting tests
—»r] « Initialize new criteria [™{ e Choose relevant tests
» View old criteria

\
Selecting questions
» Choose questions Defining an e{pmfsion
* Specify answers that ) an eli g.%ﬁ:l es::;ms gi!gn
make a patient eligible gIbElity expre

Fig. 3. Entering eligibility criteria.
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Fig. 4. Adding a new test.
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(a) Yes/no question. (b) Multiple-choice question.
Fig. 6. Adding new questions; the user enters a question and answer options.
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Fig. 7. Adding 2 new clinical trisl.

Fig. 2. Entering tests and questions. We show the screens by rectangles and the trausitions between them by arrows. The
bold rectangle is the start screen.



Fig. 8. Choosing tests and question types.

A
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Fig. 8. Selecting questions and answers. The user checks the questions for the current clinical trial and marks the answers

that satisfy the cligibility criteria.

11 Does the patien have cardiac arstythmias?

ﬁfmis the greatest tumor diameter ?

Defirz alogeal expresson
T ao-ore
m' ve } Geul

Uptdate tee '

OR
]
)

- e mermas v o e

__DPaen the patient have cardisc scrhytimias? {No) .
__¥nst 38 the greaceme tynor dienetér? (From: 0 To: 2.5) -

Fig. 10. Combining questions into a logical expression.

We show the screens for adding yes/no and multiple-
choice questions in Figure 6: the screen for numeric ques-
tions js similar. The user can enter a new question for
the current test, along with a set of allowed answers. 1f
the question is also rclated to other tests, the user has to
mark them in the lower box. The “Deleting questions”
screen is for removing old questions.

Eligibility conditions: The mechanism for entering
eligibility criteria consists of four screens (Figure 3).
The start screen allows the user to injtialize a new clin-
ical trial and view the criteria for old trials. If the
user necds to modify a clinical trial, the agent first

displays the test-selection screen (Figure 8). The user
then chooses related tests and question types, and clicks
“Continue” to get the question list.

The next screen (Figure 9) allows the user to select
specific questions and mark the answers that make a
patient eligible. For a multiple-choice question, the user
may specifv several eligibility options; for example, a
patient may be eligible if her cancer stage is 1t or 11
For a numeric question, the user has to specify a range
of values; for instance, a patient may be eligible if her
age is between 0 and 45 years. If the user clicks “Sim-
ple questions,” the agent generates a conjunction of the
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sclected criteria. If the cligibility conditions involve a
more complex expression, the user has to click “Com-
bined question” and then use the screen for composing
logical expressions (Figure 10).

Entry time: We have run cxperiments with sixteen
novice users, who had no prior experience with the inter-
face. First, every user has entered four sets of medical
tests; cach sct has included three tests and ten ques-
tions. Then, each user has added eligibility expressions
for ten clinical trials used at the Moffitt Cancer Center;
the number of questions in an eligibility expression has
varied from ten to thirty-five.

We have measured the entry time for each test set and
cach eligibility expression. In Figure 11, we show the
mean time for every test set and the time per question
for the same sets. All users have entered the test sets
in the same order, from 1 to 4; since they had no prior
experience, their performance has improved during the
cxperiment. In Figure 12, we give similar graphs for the
entry of eligibility expressions.

The experiments have shown that novices can effi-
ciently use the interface; they quickly learn its full func-
tionality, and their learning curve flattens after about
an hour. The average time per question is 31 seconds
for the entry of medical tests and 37 seconds for eligi-
bility criteria, which means that a user can enter all 150
cancer trials used at Moffitt in about two weeks.

V. CONCLUDING REMARKS

‘We have developed knowledge-acquisition tools for an
agent that automatically assigns cancer patients to clin-
ical trials. We have described the representation of eligi-
bility criteria and a web-based interface for adding new
trials. The experiments have shown that a user can en-
ter a new trial in fifteen to thirty minutes. Novices can
use the interface without prior instructions, and they
reach their full speed after about an hour. Although
cancer research at Moffitt has provided the motivation
for this work, the-agent is not limited to cancer, and we
can use jt for trials related to other diseases.
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